Abstract Carbon emissions from boreal forest fires are projected to increase with continued warming and constitute a potentially significant positive feedback to climate change. The highest consistent combustion levels are reported in interior Alaska and can be highly variable depending on the consumption of soil organic matter. Here we present an approach for quantifying emissions within a fire perimeter using remote sensing of fire severity. Combustion from belowground and aboveground pools was quantified at 22 sites (17 black spruce and five white spruce-aspen) within the 2010 Gilles Creek burn in interior Alaska, constrained by data from eight unburned sites. We applied allometric equations and estimates of consumption to calculate carbon losses from aboveground vegetation. The position of adventitious spruce roots within the soil column, together with estimated prefire bulk density and carbon concentrations, was used to quantify belowground combustion. The differenced Normalized Burn Ratio (dNBR) exhibited a clear but nonlinear relationship with combustion that differed by forest type. We used a multiple regression model based on transformed dNBR and deciduous fraction to scale carbon emissions to the fire perimeter, and a Monte Carlo framework to assess uncertainty. Because of low-severity and unburned patches, mean combustion across the fire perimeter (1.98 ± 0.34 kg C m
Introduction
Boreal forests store large amounts of organic carbon , particularly in soils, and are vulnerable to disturbance by wildfire. Annual fire occurrence in this biome is highly variable and tightly coupled to large-scale pressure systems controlling summer drought [Hess et al., 2001; Fauria and Johnson, 2008; Sedano and Randerson, 2014] . Because fire weather conditions are projected to intensify during the 21st century, carbon emissions from boreal forest fires are increasingly recognized as an important positive feedback to climate change National Research Council, 2013] .
Carbon emissions are the product of burn area, fuel loads, carbon concentrations, and combustion efficiency (fraction of dry matter consumed). Most of the uncertainty surrounding fire emissions stems from a lack of knowledge on spatially explicit fuel loads and combustion efficiency [French et al., 2011] . Combustion efficiency in boreal forests is influenced by slope, aspect, vegetation cover, permafrost, drainage, weather, and the season of burn [French et al., 1996; Kasischke et al., 2000; Kasischke and Johnstone, 2005; Kane et al., 2007; Shetler et al., 2008; Turetsky et al., 2011] . Unlike burn area, however, these properties are difficult to observe at landscape and regional scales.
Field measurements are required to understand the magnitude of, and controls on, combustion. The majority of fire emissions in Alaska come from the forest floor [Boby et al., 2010] . In spruce forests, the position of adventitious roots in the soil column is relatively constant between trees and can be used to estimate prefire soil depth [Kasischke and Johnstone, 2005; Boby et al., 2010] . This assists calculations of soil combustion by improving accuracy and reducing the number of control sites needed. However, these measurements cannot be applied on a routine basis to monitor fires as they require a large number of laboratory analyses. As a proxy, the Composite Burn Index (CBI) [Key and Benson, 2005] has been developed for rapid assessment of fire severity. Fire severity is defined here by the immediate impacts of a fire on the landscape, including the destruction and combustion of live and dead carbon pools [Lentile et al., 2006; Keeley, 2009] . The CBI is based on visual characterizations of five forest strata, is used operationally as a rapid assessment of fire severity, and has been tested against a wide array of remotely sensed metrics [e.g., van Wagtendonk et al., 2004; Epting et al., 2005; Miller and Thode, 2007; Allen and Sorbel, 2008; Hall et al., 2008; Hoy et al., 2008; Murphy et al., 2008; Soverel et al., 2010; Veraverbeke and Hook, 2013] . However, the CBI also requires a large number of field measurements and its utility at estimating combustion and depth of burn in Alaska may be relatively limited because of its focus on aboveground vegetation Boby et al., 2010] .
A number of models have been developed to estimate emissions on regional scales, each with their benefits and limitations. Algorithms relating combustion to fire weather, such as the Canadian Forest Fire Behavior Prediction System , have performed well in experimental fires but have demonstrated limited utility in wildland fires in Canada [de Groot et al., 2009] and Alaska [Turetsky et al., 2011] . Other operational models, such as CONSUME [Ottmar et al., 2006] and the First Order Fire Effects Model (FOFEM) [Reinhardt et al., 1997] , require additional inputs of fuel type and moisture. As such they depend on the quality of these inputs, which are typically known to an uncertain degree across wildfire terrains. Larger-scale fire models require fewer data inputs but are spatially much coarser and do not consider region-specific factors. These models tend to estimate fuel loads as the balance between primary production, decomposition, and disturbance [e.g., van der Werf et al., 2010] . Other conceptual models have been derived from field data and expert knowledge on the major drivers, including topography, vegetation type, month of burn, and stand age [Kasischke et al., 1995 French et al., 2002; Kasischke and Hoy, 2012] . The above models have greatly improved our understanding and ability to generate plausible emissions scenarios. However, they can also provide combustion estimates with a surprisingly high range of variability [French et al., 2011] .
None of the above approaches to modeling fire emissions utilize observations of fire severity, which may provide a critical constraint. Remote sensing, on the other hand, can provide spatially explicit information on fire severity over large areas. Because of its consistently high performance compared to other spectral indices [Brewer et al., 2005; Epting et al., 2005; Hudak et al., 2007; Veraverbeke et al., 2010a; Veraverbeke and Hook, 2013] , the differenced Normalized Burn Ratio (dNBR) is the most commonly employed index. The dNBR quantifies fire severity from immediate (one season to 1 year) fire-induced changes in near-and shortwave infrared reflectance. Near-infrared reflectance typically decreases after fire due to the destruction of live vegetation and deposition of char, while shortwave infrared reflectance increases due to increased soil exposure and char, and water losses in the canopy and ground surface [Chuvieco and Congalton, 1988; Eva and Lambin, 1998; Trigg and Flasse, 2000; Stroppiana et al., 2002] . Thus, dNBR is generally sensitive to the removal of vegetation, charred surfaces, and soil exposure during nonwinter months in the boreal region [Key and Benson, 2005; Lentile et al., 2006; Miller et al., 2009] .
As most trees are killed in the crown fires of Alaska, depth of burning in the forest floor is considered the most distinguishing feature of fire severity in the region . Burn depth strongly regulates forest floor combustion efficiency and postfire forest succession [Kasischke and Johnstone, 2005; Chapin et al., 2006; Turetsky et al., 2011] . Because dNBR and similar indices are sensitive to canopy disturbance, their use as indicators of fire severity in Alaskan boreal forests has been controversial. Some investigators have shown promising correlations between metrics of fire severity and dNBR [Epting et al., 2005; Sorbel and Allen, 2005; Hudak et al., 2007; Allen and Sorbel, 2008; Hall et al., 2008; Verbyla and Lord, 2008; Soverel et al., 2010] , while others have found the opposite and argued against its utility Murphy et al., 2008] . Recently, Barrett et al. [2010 Barrett et al. [ , 2011 demonstrated that the inclusion of a large number of nonspectral and spectral inputs, including dNBR, can constrain depth-of-burn estimates across fire complexes. Ultimately, spectral indices will correlate with fire severity in most Alaskan fires only if burn depth is correlated with properties that influence the wavelengths considered.
Increases in spring albedo may serve as a useful severity metric in Alaska. While summer-based indices rely on differences in reflectance between live vegetation, charcoal, and mineral soil, spring albedo takes advantage of the variable snow exposure between burned and forested boreal landscapes. Increases in spring albedo are known to correlate with fire severity as reflective snow is exposed when trees are partially combusted and some fall to the ground [Jin et al., 2012] .
Discrepancies in the performance of remote imagery for estimating ground-based properties of fire severity may come from the type and quality of field data, temporal and spatial characteristics of remote imagery, processing of remote sensing products, and/or unsatisfactory relationships between the metric of interest and spectral signatures. Here we investigate the performance of Landsat imagery for estimating carbon emissions within an individual fire event in interior Alaska and quantify the errors from influential sources. We combine remote sensing of fire severity (both dNBR and spring albedo) with direct measurements of belowground and aboveground combustion, accounting for within-site heterogeneity, distinct forest types, and available imagery. A regression model was used to scale site-level relationships between fire severity and combustion to the fire perimeter. We hypothesized that fire severity indices can be used to model carbon emissions for a single fire within a reasonable range of uncertainty, and that ground-based estimates of combustion may be higher than those for the entire perimeter due to unburned and lowseverity patches.
Methods

Site Description
We investigated the Gilles Creek fire that burned approximately 8000 ha during 26 May to 2 June 2010 in interior Alaska (64°20′N; 145°45′W) ( Figure 1 ). The dominant vegetation type within the burn perimeter was black spruce forest (62%, section 2.7), followed by mixed white spruce (Picea glauca (Moench) Voss)-aspen (Populus tremuloides Michx) forests (17%), and pure aspen (5%). Birch (Betula nana L.) and willow (Salix spp. L.) shrub stands were found in southern areas of the perimeter (13% of the fire scar), although these were mostly left unburned. The terrain consisted primarily of gently sloping south facing uplands on Inceptisols. Mean slope (calculated from a 35 m digital elevation model, discussed in section 2.6) at the study sites was 2.4°, although terrain was steeper in the far north of the perimeter reaching maximum values of 31°. Permafrost is discontinuous in the region and was not present at our burned or control sites. Long-term (1950 Long-term ( -2000 mean annual temperature was À3°C, and mean annual precipitation was 312 mm [Hijmans et al., 2005] .
Field Surveys
We selected 22 burned sites within the fire perimeter and eight control sites in close proximity ( Figure 1 and Table 1 ). Field sites were located between 120 and 700 m away from an access road traversing the center of the fire. We chose burned sites within a wide range of fire severity, derived from visual assessment and a dNBR layer from the Monitoring Trends in Burn Severity (MTBS) database [Eidenshink et al., 2007] . In order to minimize positional errors between field sites and remote imagery, we attempted to choose sites within relatively homogenous 100 m× 100 m patches of vegetation and fire severity. Sites were selected from the two dominant prefire vegetation types: 17 were in black spruce and five in white spruce-aspen forests (together comprising 79% of the burn perimeter and 86% of the core burn area, section 2.7). Control sites were selected to match conditions at the burned plots: three control sites contained black spruce with sphagnum moss (C01, C02, and C03), two contained black spruce with feather mosses and lichens (C07 and C08), and three contained mixed white spruce-aspen stands (C03, C04, and C08) ( Table 1) . Centroid coordinates for each site were recorded with a handheld GPS system (GeoExplorer 6000 series GeoXH GPS device, Trimble, Sunnyvale, CA; 1 m error in x and y). 
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Field surveys were conducted between 27 and 31 August 2012. We established a 2 m × 30 m transect in the north-south direction within each site. Six soil cores were taken within each transect and selected semirandomly to represent the range of forest floor conditions. Because some soil properties may differ by the proximity of trees [Boby et al., 2010] , three cores were chosen next to trees (as close as possible, typically 3-10 cm) and three further away (mean of 98 cm). A soil corer with 4.8 cm diameter (5/8″ threading soil core sampler, Arts Machine Shop, American Falls, ID, USA) was used to extract organic soil samples. According to the classification of Manies et al. [2004] , we separated the soil organic horizons into moss (live and dead), fibric (mildly decomposed material with roots and recognizable moss parts), mesic (moderately decomposed with few recognizable plant parts), and humic (highly decomposed organic matter at the interface with mineral soil). Horizons were separated with a knife, and their lengths were measured. It should be noted that we extracted humic horizons at the interface of mineral soil. Some of these samples included topsoil mineral horizons, contributing to relatively high bulk densities and low carbon concentrations (Figure 2) .
We recorded distances between the surface and the top of the mineral soil and, for cores next to spruce trees, between the surface and the highest adventitious root. In our sites, black and white spruce trees typically formed adventitious roots. These fine roots are grown in the upper soil horizons in response to unfavorable temperature and moisture conditions deeper in the soil column [Lebarron, 1945] . Their position in the soil column has proven useful for estimating prefire soil depths [Kasischke and Johnstone, 2005; Kasischke et al., 2008; Boby et al., 2010] .
Species, diameter at breast height (DBH), and the position of the highest adventitious root within the soil column, if present, were recorded for every tree inside each transect, regardless of size. At burned sites we visually estimated the fractional consumption of cones, needles, fine and coarse branches, and bark. To assess its relationship with emissions and satellite indices, we also calculated the Composite Burn Index (CBI) [Key and Benson, 2005] , modified for the shorter stand structures in interior Alaska by Kasischke et al. [2008] . 
Laboratory Analysis
A total of 424 soil samples were dried, weighed, homogenized, and analyzed for carbon concentrations (not all cores contained all four soil horizons). As in Kasischke et al. [2000] and Boby et al. [2010] , soils were dried to constant weight at 65°C (for 6 days). Particles greater than 2 mm in diameter, including branches, roots, and gravel, were removed from samples, and their weights and volumes subtracted from the calculation of bulk densities. Samples were homogenized with a Wiley mill and 40 mm sieve. We used an element analyzer (FlashEA 1112, Thermo Fisher Scientific, Waltham, MA, USA) to determine the carbon concentration by mass for every sample.
Belowground Combustion
We quantified soil combustion in each burned site similar to Boby et al. [2010] . Measurements of adventitious root positions within the soil column were used in conjunction with bulk density and carbon concentrations to calculate prefire soil carbon stocks. Combustion was calculated as the difference between these and measured postfire soil carbon stocks. e Aboveground carbon is estimated prefire carbon from assumed combustible pools (cones, needles, branches, bark). f Uncertainty estimates for total combustion derived from Monte Carlo simulations. g Because of the deep organic soil at this site, only its carbon concentration and bulk density properties were used for calculations. h Chosen to match conditions at a moist white spruce-aspen burned site with more developed soil horizons (B18) and used only for calculations of this site's prefire soil properties. Because of fundamental differences in soil properties, black spruce and white spruce-aspen sites were treated individually in our calculations of belowground combustion. Organic horizons in black spruce control sites were roughly twice as deep as those in white spruce-aspen, with more developed moss horizons, higher carbon concentrations, and lower bulk densities ( Figure 2 ). As a result, these soils stored 51% more carbon on average (mean of 3.63 kg C m À2 for black spruce versus 2.40 kg C m À2 for white spruce-aspen).
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We first estimated prefire depths for each soil horizon in burned sites (Table S1 in the supporting information) assuming that horizons had undergone some degree of pyrolysis that resulted in reduced carbon storage. Soil horizons tended to become somewhat compacted during the process of core extraction: mean compaction was 10% for burned and 58% for control sites. To account for this in bulk density calculations, we used measurements of total column depth as a baseline and assumed soil horizons were compacted to a degree proportional to their proximity to the soil surface. The relationship between total depth and distance between adventitious roots and the mineral soil was strongly linear using all control sites (r 2 = 0.86, p < 0.001, Table S1 ). Prefire soil depths for burned cores close to trees were estimated using this relationship. Total depths for cores away from trees were taken as the mean of those close to trees in a given site.
Individual soil horizon depths were observed to be a relatively constant fraction of total distance to mineral soil in control sites, with the exception of humic (p < 0.01 for slopes of moss, fibric, and mesic horizons versus total depth in both forest types). We therefore used these ratios in conjunction with total depths to assign prefire horizon depths to burned soil cores ( Figure 2 ). Because the humic horizon was absent in some control sites (29% of cores in black spruce and 50% in white spruce-aspen sites), we did not assign a prefire humic horizon to burned soil cores that also lacked one. If a burned core did have a humic horizon (the predominant case), the depth of its prefire humic horizon was taken as the mean from control sites. In each case the remaining horizon fractions were adjusted accordingly (Table S1 ).
Prefire horizon depths were multiplied by prefire bulk densities and carbon concentrations to determine prefire soil carbon stocks. Prefire bulk densities and carbon concentrations varied by horizon and forest type ( Figure 2 and Table S1 ). These properties were derived from control cores as burning significantly altered their values: in general, bulk density was higher and carbon concentration was lower in the mesic and fibric horizons of burned sites versus control (p < 0.001 in all cases). Because bulk densities, carbon concentrations, (Table S1 ). Oval widths represent 95% confidence intervals.
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and horizon depths were not found to differ significantly by the proximity of cores to trees (p > 0.05), we did not factor this into our calculations. In all cases, soil properties for black spruce and white spruce-aspen sites were considered separately whenever control values were significantly different (Table S1 ).
Postfire carbon stocks were calculated independently for each soil horizon as the product of its mass and carbon concentration. Combustion was calculated as the difference between prefire and postfire stocks, not allowing negative values. Because of the relative difficulty in consistently separating fibric and mesic horizons, these were pooled for combustion calculations.
Burned plots displayed a high degree of variability in the consumption of duff (fibric, mesic, and humic horizons). To better account for this, we utilized measurements of adventitious root positions for every tree in burned transects. Using mean values for the distance between adventitious roots and the top of the moss horizon derived from control sites (5.9 cm for black spruce and 5.3 cm for white spruce-aspen sites), depth of burn was found to strongly relate to soil combustion (r 2 = 0.73 for an exponential fit with black spruce and r 2 = 0.73 for a linear fit with white spruceaspen cores) ( Figure S1 ). We applied these relationships, separate for each forest type, to the depth of burn at every tree. The final value for mean soil combustion at a given site was taken as the average of (1) mean combustion from its six soil cores and (2) combustion calculated from the depth of burn at every tree.
Aboveground Combustion
We used a number of DBH-based allometric equations to estimate prefire carbon for the foliage, cones, fine and coarse branches and bark of all trees in the burned sites (Figures 3 and 4) . As in Boby et al. [2010] , we assumed that emissions from boles and roots were zero because of their typically low levels of consumption [Campbell et al., 2007] . Equations from interior Alaska and Canada were used for black spruce [Barney et al., 1978; Mack et al., 2008; Ung et al., 2008; Boby et al., 2010] , white spruce [Yarie and Vancleve, 1983; Ung et al., 2008] , and aspen [Mack et al., 2008; Ung et al., 2008] . In each case the mean value from the collection of allometric equations was used. Using a mean chemical composition of woody plants [Randerson et al., 2006b ], we assigned tree carbon pools a carbon concentration of 0.45. To calculate plot-level combustion of Figure 3 . Box plots of burned site aboveground (a) tree density, (b) prefire carbon, and (c) combustion, separated by species and assigned forest type. Populations were drawn from site-level means. Prefire carbon in Figure 3b and combustion in Figure 3c are from the assumed combustible pools (cones, needles/leaves, fine and coarse branches, and bark). Stars represent overall means by species. Note that sites categorized as black spruce contained some white spruce trees, and sites categorized as white spruce-aspen contained some black spruce trees, although these contributed little to total carbon pools or emissions. [Irish et al., 2006] , we determined coverage to be incomplete for many clouds and their shadows. We therefore manually masked out clouds and cloud shadows using all available bands. We adopted a modified version of the rotation method [Tan et al., 2010] to correct for topographic influences on reflectance. This procedure normalizes reflectance by flattening the linear relationship between surface reflectance and cosine of the incidence angle ( Figure S2 ). Slope and aspect were calculated in ArcGIS 10.1 from a 35 m digital elevation model [Mamini et al., 2008 ] to determine incidence angles, resampled to 30 m Landsat resolution using bilinear interpolation for slope and nearest neighbor for aspect. Because images were often collected on different days of the year, we applied a correction factor similar to that presented in Veraverbeke et al. [2010b] . This acted to adjust the mean reflectance for a given image to its predicted mean reflectance at an angle of 64.9°(equal to noon on the area's summer solstice). We performed the method separately for pixels inside and outside the core burn area (defined in section 2.7). While this method accounts for the dependence of surface reflectance on slope, aspect, and timing of satellite overpass, it does not correct for seasonal influences on spectral signatures caused by vegetation phenology.
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Normalized Burn Ratio (NBR) was calculated for each scene according to
where ρ 4 = band 4 reflectance (0.76-0.90 μm) and ρ 7 = band 7 reflectance (2.08-2.35 μm). The dNBR for every prefire-postfire scene combination was defined by
Because of clouds, missing areas in the row 15 path 69 tile, and "stripes" of data gaps from a failed Scan Line Corrector in Landsat 7 images, the number of scene combinations differed by pixel. Our final dNBR map used to model carbon emissions was derived from the mean of all possible prefire and postfire scene combinations in each pixel ( Figure 5 ).
As an alternative approach, we used fire-induced increases in spring albedo as a metric for fire severity. We downloaded five scenes between 22 February and 10 April from 2009 and four from 2012 (Table S2) . Images were processed and terrain corrected as above, but incidence angles were normalized to noon on the vernal equinox (41.5°). Broadband albedo was quantified using narrowband-to-broadband conversion algorithms from Liang [2001] .
Modeling Carbon Emissions
We constructed a model of combustion based on dNBR at our field sites. dNBR was extracted from the pixel containing the centroid of each field site. As has been shown for other fire severity metrics [Epting et al., 2005; Allen and Sorbel, 2008; Verbyla and Lord, 2008] , the relationship between dNBR and combustion varied by forest type (Figure 6 ). Whereas black and white spruce are difficult to separate spectrally, deciduous broadleaf vegetation exhibits a unique spectral signature compared to conifers [Nelson et al., 1984; Shen et al., 1985; DeFries et al., 1995] . To account for this and apply the model to the entire fire scar, we derived a fractional deciduous layer from spectral mixture analysis. Because of the high tree densities, we used a simplified twoend-member model (deciduous and conifer trees) and assumed that the fractional cover of other spectral features (e.g., soils and shadows) were of minimal importance. Two end-member polygons were selected To model combustion we normalized dNBR values by the mean at control sites. Because it varied nonlinearly with combustion, dNBR was transformed according to a logistic fit using all black spruce sites ( Figure 6 ). We then fit a multiple linear regression (MLR) using all sites with two terms: (1) transformed dNBR and (2) the product of dNBR and deciduous fraction. The latter term had the effect of accounting for the disparate relationship between dNBR and combustion in white spruce-aspen stands without artificially inflating unburned and low-severity sites. We held the constant term at zero. The influence of the second term was constrained by maximum values of dNBR (0.85) and deciduous fraction (0.25). These thresholds were implemented to avoid unnecessary inflation of combustion in pixels with high deciduous fractions and dNBR, and their values represent the approximate maximum values observed at our field sites. Any points with original dNBR values less than the maximum dNBR at control sites (0.134) were fixed at zero combustion. Predicted combustion was also constrained by a minimum of zero and maximum of 1.2 times the maximum observed combustion from our burned sites. The maximum threshold was implemented because of the steep slope at high dNBR values but was reached in only 0.4% of pixels. As an alternative we modeled emissions using increases in spring albedo. All methodology was the same as above, except that the influence of deciduous vegetation on emissions (second MLR term) was constrained by a spring albedo increase of 0.2 as opposed to a dNBR threshold of 0.85.
We applied the resulting model across the entire fire perimeter, which was taken from the MTBS database. To account for unburned islands within the fire perimeter, we defined a "core burn area" for some analyses. This was designated by a minimum dNBR threshold of 0.2 within the burn perimeter using Landsat 5 images from 3 August 2009 (row 15, path 68) and 15 August 2010 (row 15, path 67). The core burn area covered 70% of the fire scar. We used an aggregated version of the LANDFIRE vegetation map to analyze patterns for each forest type across the perimeter (Figure 7 ). Although land cover types did not correspond exactly at our field sites, 63% of our white spruce-aspen sites were adjoined by at least one mixed white spruce-hardwood forest pixel from LANDFIRE, opposed to only 18% of our black spruce sites.
Uncertainty Analysis
We adopted a Monte Carlo framework to characterize uncertainty in our modeled carbon emissions. Uncertainties were assumed to come from three major categories of sources: belowground combustion, aboveground combustion, and landscape scaling. A total of 1000 simulations were performed where inputs varied by either the distribution of influential parameters or methodological choices (details given in Table S3 ).
For each major category, we identified the most prominent sources of error associated with our approach. We identified six sources for belowground combustion. These related to instrument error, assumptions about prefire bulk density, carbon concentrations, and humic horizons, calculations of soil carbon losses, soil core selection, and site-level scaling for duff consumption. The three main sources we identified for aboveground combustion were carbon concentration of tree biomass, biases in the visual estimates of consumption, and choice of allometric equation.
Landscape scaling was associated with six uncertainty sources: image acquisition date range, number of Landsat images used, assumptions about the maximum level of combustion for any given pixel, positional errors, regression prediction error, and the distribution of forest types across the fire perimeter. Positional errors can be introduced from a number of sources, including geometric calibration, image-to-image registration, and field site coordinates. We addressed this uncertainty in our extraction of dNBR and deciduous fraction with several spatial averaging techniques (Table S3 ). Prediction error is typically associated with two sources: estimation of the mean and variance of the residuals. We focused on residual variance because the mean prediction varied with all other uncertainty sources. Because of the nonlinear relationship between dNBR and combustion, residual error tended to increase with combustion ( Figure 6 ). We therefore characterized an uncertainty range that varied linearly between the standard residual error of the first and last eight points, ordered by observed combustion. This had the property that 68% of burned points were within one standard error, matching an expected normal distribution.
Because fire-wide means in these simulations were slightly different (12% higher) than those in our main approach, all uncertainty estimates were normalized by the ratio of means for each reported metric. This assumes a constant coefficient of variation. We also performed a series of simulations to quantify the individual contributions from each category of uncertainty (belowground, aboveground, and landscape scaling). In each case two scenarios were implemented: one where the source category was removed by holding its values and/or methods constant and one where it was the only contributing factor. Uncertainties in emission estimates modeled with spring albedo were derived in a similar manner, except we did not vary the acquisition date range because of fewer available images.
Results
Site-Level Combustion
Depth of burn ranged between 0.8 and 30.3 cm, with a mean of 19.2 cm at black spruce, 11.5 cm at white spruce-aspen, and 17.5 cm across all burned soil cores ( Figure S1 ). This corresponded to a range of soil core combustion between 0.12 and 5.14 kg C m À2 , with a mean of 2.14 kg C m À2 at black spruce, 2.37 kg C m trees, mean belowground combustion was 2.06 kg C m À2 across all sites (Table 1) . Soil horizons in black spruce forests tended to be deeper and had higher carbon concentrations. However, these soils were also moister and less dense ( Figure 2) . As a result they stored more carbon but experienced less fractional consumption: mean consumption of soil organic matter was 53% at black spruce sites and 66% at white spruce-aspen. Except in the lowest severity sites, moss horizons were completely consumed (mean of 95%) but contributed to only 19% of belowground combustion. Fibric and mesic horizons together experienced 54% consumption on average and contributed to the majority (65%) of soil combustion. Only 37% of carbon in humic horizons was consumed, contributing to 15% of total soil combustion ( Figure 2 ).
Black spruce formed dense stands (7010 trees ha À1 in burned black spruce sites, Figure 3 ), but these trees were relatively small: 2.93 kg C tree À1 total aboveground and 1.20 kg C tree À1 in assumed combustible pools (cones, needles, branches, and bark). White spruce trees that occurred in our black spruce sites were larger (11.10 kg C tree À1 in combustible pools) but contributed to only 16% of the 1.18 kg C m À2 in total prefire combustible carbon (Figure 3 ). Although white spruce-aspen sites contained some black spruce, the majority of the 2.35 kg C m À2 in combustible biomass came from relatively large white spruce (17.07 kg C tree À1 combustible) and aspen (9.77 kg C tree À1 combustible) trees (Figure 3 ).
Mean consumption was highest for cones (89% in black spruce and 86% in white spruce-aspen sites) and needles/leaves (91% in black spruce and 75% in white spruce-aspen), followed by fine branches (83% in black spruce and 58% in white spruce-aspen), coarse branches (71% in black spruce and 37% in white spruceaspen), and bark (24% in black spruce and 13% in white spruce-aspen) (Figure 4 ). Although combustible biomass in white spruce-aspen sites was over twice that in black spruce, mean aboveground combustion was similar due to less fractional consumption (0.80 kg C m À2 in black spruce versus 0.91 kg C m À2 in white spruce-aspen, Figure 4) .
Total site-level combustion ranged between 0.99 and 4.41 kg C m
À2
, with a mean of 2.77 kg C m À2 in black spruce, 3.28 kg C m À2 in white spruce-aspen, and 2.88 kg C m À2 overall (Tables 1 and 2 ). Seventy-two percent of combustion was from the soil. Belowground and aboveground combustion were positively correlated: r = 0.57 for black spruce and 0.51 for all sites ( Figure S3 ).
Remote Sensing of Fire Severity
The total number of dNBR values for a given pixel varied between 18 and 121 across the domain and between 25 and 121 within the fire scar. Mean dNBR was 0.75 in the core burn area, 0.57 across the entire fire scar, and 0.14 outside the fire scar (Figures 5 and S4 ). dNBR ranged between 0.54 and 1.10 at the burned sites, with a mean of 0.95 at black spruce, 0.69 at white spruce-aspen, and 0.89 overall (Figure 6 ). Control sites exhibited an average dNBR of 0.10. Variability in dNBR was driven in part by vegetation phenology and therefore more constant in burned areas ( Figure 5 ): the standard deviation of dNBR averaged 0.07 within the b Uncertainty estimates are given as standard errors for fire-wide means. Uncertainty at any given pixel was typically higher.
c For site-level values, defined as the mean contribution to total combustion. For landscape levels, defined as the contribution to total fire-wide emissions. core burn area, 0.08 within the entire fire scar, and 0.11 outside the fire scar. Unburned deciduous cover exhibited the greatest variability.
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Spring albedo showed the expected response to burning ( Figure S5 ). The mean increase was 0.23 within the core burn area, 0.16 within the fire perimeter, and À0.01 outside the fire scar. Changes in spring albedo and dNBR were highly correlated within the fire perimeter (r = 0.87). The total number of layers for spring albedo anomalies varied between 3 and 20 within the fire scar.
Our fractional deciduous layer compared favorably with a domain-wide map of vegetation type from LANDFIRE ( Figure 7) . It also performed well at our field sites: seven of the eight sites with the highest mapped deciduous fraction were white spruce-aspen stands.
Modeling Carbon Emissions
We fit a model of combustion at the field sites based on two terms: (1) transformed dNBR and (2) the product of dNBR and deciduous fraction derived from our spectral unmixing model (Figure 6 ). The resulting equation was
where C = combustion (kg C m
À2
), dNBR N = dNBR normalized by the mean at control sites (0.098), dNBR A = dNBR adjusted by applying a maximum threshold of 0.85, and D = deciduous fraction with a maximum of 0.25. Combustion in pixels with dNBR N less than or equal to the maximum at control sites (0.036) was set to zero. Combustion was capped at a maximum of 1.2 times the maximum from burned sites (5.30 kg C m
). The function f represents the inverse logistic transformation of dNBR N :
Although increases in dNBR tended to saturate with combustion levels greater than approximately 2.5 kg C m À2 , the regression performed relatively well at the field sites ( Figure 6 ). The resulting model adequately adjusted for the different relationships between dNBR and combustion in black spruce versus white spruce-aspen sites, contained no observable bias, and produced an r 2 value of 0.84 for total combustion when all sites were considered. Fits for belowground were similar (r 2 = 0.82). Because the model did not perform as well for aboveground combustion, this was taken as the difference between total and belowground. The dNBR-based model was applied at every 30 m pixel within the fire scar to estimate landscape-scale carbon emissions (Figure 8 ). Total emissions were estimated to be 158 ± 27 Gg C, with 94% coming from the core burn area. Mean combustion inside the core burn area was slightly lower than the mean at field sites (2.67 ± 0.40 kg C m À2 versus 2.88 ± 0.23, Table 2 ) (Unless otherwise stated, uncertainties for the fire scar represent one standard error for fire-wide estimates. Site-level uncertainties represent one standard error across all burned sites). Mean combustion across the entire fire scar, however, was notably lower due to lower severity areas and unburned islands (1.98 ± 0.34 kg C m À2 ) ( Table 2 and Figure S4 ).
Combustion levels in white spruce-aspen forests were slightly higher than black spruce (19% higher at field sites, 11% higher in the core burn area, and 3% higher across the perimeter) ( Table 2 ). Because of spatial coverage, however, black spruce forests contributed the majority (67 ± 16%) of total emissions, followed by white spruce-aspen forests (19 ± 4%), shrubs (7%), and pure deciduous forests (5%). Deciduous cover appeared to stop the spread of fire in many locations and constituted a relatively large fraction of lowseverity or unburned patches: 23% within the core burn area versus 48% outside of it based on our fractional deciduous layer (Figure 7a ).
Increases in spring albedo also yielded significant relationships with site-level combustion, although with higher uncertainties ( Figure S5 ). Using a similar approach as described above for dNBR, this albedo-driven model produced an r 2 value of 0.76 for all sites. Mean combustion was estimated to be 2.62 ± 0.41 kg C m À2 within the core burn area and 2.03 ± 0.35 kg C m À2 across the fire scar. Spatial patterns were similar but not identical to the dNBR-based model (r = 0.80).
For comparison with previous work we report that CBI and dNBR were strongly correlated: r 2 = 0.78 using all burned sites and 0.91 in burned black spruce. However, CBI saturated more quickly than dNBR and was not useful in discriminating between sites with combustion greater than approximately 2 kg C m À2 ( Figure S6 ).
Uncertainties
Uncertainties were derived from Monte Carlo simulations with varied parameters and methodological choices for belowground combustion, aboveground combustion, and landscape scaling (section 2.8). All reported uncertainties are for fire-wide means. Systemic errors (i.e., modified many values in a given Monte Carlo run by a similar direction and magnitude) altered the nature of our regression model ( Figure 6 ) and had the greatest impact on fire-wide uncertainty. Contributions from systemic errors were relatively similar for the three source categories (Figure 9a ), totaling 0.40 kg C m À2 for the standard error in combustion within the core burn area. However, uncertainty ranges at any given pixel were substantially larger (1.01 kg C m À2 for the pooled pixel-level standard error) (Figures 8 and 9b ). This inflation of pixel-level uncertainty was mainly due to the implementation of prediction error in our regression model, which varied randomly for every pixel but was largely averaged out for fire-wide means.
Discussion
Fuel consumption in boreal forest fires depends on a number of biotic and abiotic factors, including tree species, stand age and density, understory composition, drainage, slope and aspect, meteorology, and timing Figure 9 . Attribution of uncertainty sources for (a) fire-wide and (b) pixel-level standard error of combustion in the core burn area. Sources were categorized by belowground combustion, aboveground combustion, and landscape scaling. For each source category we performed two additional sets of 1000 Monte Carlo simulations: one where the values and methods for the source category were held constant as in the main approach ("source removed") and one where the category was the only contributing factor ("only source"). Our modeling approach lead to comparatively high pixel-level errors that were largely averaged out across the fire perimeter. of a burn within a season. As a result, combustion levels cover a wide range within and across fire complexes (Table 3) . Experimental fires tend to be less severe than wildfires, primarily because of the less severe fire weather in which experimental fires are typically conducted. Generally, deeper duff layers in the forests of interior Alaska lead to greater combustion than those in Canada. Large fire years and later season burns also tend to be more severe due to deeper burning of the forest floor Kasischke and Johnstone, 2005; Turetsky et al., 2011] .
Our reported combustion for the 2010 Gilles Creek fire lies in the middle of the range when compared to previous estimates for interior Alaska (Table 3) . We also report somewhat higher fractional emissions from aboveground pools (29 ± 5% at field sites and 31 ± 6% across the fire scar) compared to previous work Amiro et al., 2001; Boby et al., 2010; Kasischke and Hoy, 2012] . Soil combustion in Gilles Creek may have been comparatively moderate because it was an early season burn (late May/early June) on primarily south facing terrain, which typically contains lower soil carbon stocks compared to other topographic positions [Kane et al., 2007] . We note that mean combustion in Gilles Creek closely matched the early season black spruce burn estimates from Kasischke and Hoy [2012] .
The majority of emissions from boreal fires in North America, especially those in Alaska, come from the forest floor. It has been argued that spectral indices are not particularly useful in predicting these emissions because the dominant signal in visible, near-infrared, and shortwave infrared wavelengths comes from the canopy [Roy et al., 2006; French et al., 2008; Hoy et al., 2008; Murphy et al., 2008] . However, more intense crown fires are expected to combust more of the tree canopy and induce greater radiative heating and therefore drying of the surface layers. They are also generally associated with more intense surface fires, thus burning deeper into the forest floor [Ryan, 2002; Alexander and Cruz, 2012] . Greater belowground combustion therefore likely correlates with properties that influence spectral wavelengths, including surface char, tree consumption, tree fall, surface water content, and stand density. As an example, belowground and aboveground combustion were positively correlated at our field sites ( Figure S3 ).
We show that after accounting for forest type, heterogeneity in duff consumption, and atmospheric and terrain influences on surface reflectance, spectral indices from fine-scale imagery (30 m) may be useful in estimating total combustion in interior Alaska. This agrees with Barrett et al. [2011] , who found that dNBR and the ratio of Landsat bands 7 to 5 were among the top nine of 35 predictors of burn depth across fire complexes in Alaska. The remaining top predictors, including metrics of topography and meteorology, are not expected to have varied substantially between our field sites. Our work also agrees with Hudak et al. [2007] , who found that NBR and dNBR exhibited relatively high explanatory power for total and surface organic char in interior Alaska.
Because of dNBR saturation with combustion greater than approximately 2.5 kg C m
À2
, we note that our approach may not be as useful in fires that consistently consume more of the forest floor and emit significantly higher levels of carbon. However, combustion levels in many fires in Alaska and Canada are within the range where spectral indices would be valuable for modeling (Table 3 ). We also found that depth of burn from 87 previously reported black spruce field sites [Turetsky et al., 2011] displayed a similar logistic relationship with dNBR as those in Gilles Creek, although with much higher variance: r 2 = 0.78 for burned black spruce sites in our study versus 0.31 for the Turetsky data ( Figure S7 ). While site and meteorological conditions at the time of burn were relatively similar across our field sites, these are generally not across fire complexes and introduce considerable scatter to the relationship between dNBR and combustion.
The dNBR-combustion relationship was also considerably different for black spruce and white spruce-aspen stands. This is predominantly related to differences in canopy versus ground-layer combustion. All black spruce trees were killed in medium-and high-severity sites, and their canopies were nearly completely consumed. White spruce-aspen forests, on the other hand, contained greater aboveground biomass but experienced significantly less fractional consumption (Figure 3 ). Because dNBR is strongly influenced by canopy dynamics, black spruce forests exhibited a larger dNBR for a given combustion level ( Figure 6 ).
We provide for the first time estimates of uncertainty in emissions stemming from a wide array of methodological sources. Results indicated an approximate 15% error in fire-wide estimates and 38% error for any given pixel. Site-level combustion and our modeling approach contributed relatively equally to errors in fire-wide means. In contrast, most of the uncertainty for any given pixel came from model errors. Despite contributing to approximately 70% of emissions, uncertainty in belowground combustion was similar to aboveground. We attribute this to our (1) careful focus on the quantification of soil combustion and (2) assignment of systemic errors for aboveground methodology due to fewer direct measurements (Table S3 ).
In contrast to other methods, our approach makes direct quantitative use of fire severity observations. We build on previous work that utilized remote imagery to upscale carbon emissions to a fire perimeter [Michalek et al., 2000] . While this study demonstrated utility for the general approach, it was based on relatively little data from burned sites, made considerable assumptions about consumption efficiency, did not report metrics of model performance, and is difficult to directly apply to other fires because of site-specific image classification techniques. We also found that increases in spring albedo may be a viable alternative for modeling carbon emissions in these forests. This may be helpful when cloud contamination prevents the use of summer imagery. We note, however, that this metric may need to be optimized for individual regions because of variations in snow depth and species-specific differences in stand density and height. The inclusion of nonspectral data streams, including topographic effects, seasonal fire weather, and meteorology at the time of burn, may better constrain emissions across multiple fire complexes, given appropriate validation data.
Our study highlights the importance of low-severity areas and unburned islands within a fire perimeter. Despite having deliberately sought out lower severity field sites, mean combustion across the fire perimeter was 31% lower than the site-level average. This likely applies to other fires in the region. The MTBS database includes dNBR-based fire severity categories for every perimeter in Alaska beginning in 1984. These categories differ substantially by combustion for the Gilles Creek fire: mean combustion was 3.0 kg C m À2 in high-severity areas, 2.8 kg C m À2 in moderate severity, 2.0 kg C m À2 in low severity, 0.6 kg C m À2 in unburned-low severity, and 0.0 kg C m À2 in areas of increased greenness. The latter two categories covered Sedano and Randerson [2014] , who estimated that 15% of the area inside large fire perimeters (those contributing to 95% of the burn area) during 2000-2010 were unburned islands. It also agrees with Kolden et al. [2012] , who showed that unburned islands comprised 14-37% of fire perimeters in three western U.S. national parks during 1984-2009. We note that many of the low-severity areas in the Gilles Creek burn were dominated by deciduous vegetation (Figures 7 and 8 ). This implies that deciduous trees and shrubs suppressed the spread of fire and confirms previous work on the flammability of boreal conifers versus deciduous broadleaf trees [Dyrness et al., 1986; Hely et al., 2000; Krawchuk et al., 2006; Beck et al., 2011] .
Models of biomass burning are generally applied to fire perimeters after being trained on field observations of combustion. However, this approach neglects the influence of unburned islands and particularly lowseverity patches, which are likely underrepresented in field estimates, including our own. Our analysis suggests that these low-severity or unburned areas can be influential for estimates of fire-wide emissions, especially for models using these or similar fire perimeters. Burn area estimates based directly on reflectance changes are frequently lower and may compensate for this effect. For example, the Global Fire Emissions Database (GFED) version 3 including small fires estimates a mean combustion of 3.05 kg C m À2 for the Gilles Creek burn. This is relatively close to our field estimates and mean within the core burn but is substantially higher than the mean across the fire perimeter (1.98 ± 0.34 kg C m À2 ). However, GFED also underestimates burn area at Gilles Creek by 50% compared to the MTBS fire scar, so the model's total carbon emissions are 22% lower than our estimates.
One limitation of our study involves our sampling approach, which focused only on black spruce and white spruce-aspen forests. Site accessibility is a major challenge in obtaining field measurements from remote locations. As a consequence, we were not able to sample any pure deciduous stands. White spruce-aspen sites that we sampled generally contained shallower but more compact soils (Figure 2 ) with greater fractional consumption than black spruce. Although many of the aspen trees did not show signs of crown fires, white spruce did, and mean site-level aboveground combustion was similar because of the larger trees. Taken together, our data suggested that white spruce-aspen forests could emit a similar amount of carbon with lower dNBR signals ( Figure 6 ). Because we used a continuous layer of deciduous fraction to account for these mixed forests when scaling, some of the areas with greatest modeled combustion (particularly in the northwest) exhibited combined dNBR and deciduous fractions greater than levels seen at our field sites (Figures 5, 7, and 8) . Deciduous stands, however, generally contain shallower organic soil horizons than mixed stands Turetsky et al., 2005; de Groot et al., 2007] , and thus, our estimates may be biased high in these regions. We also sampled a relatively low number of low-severity and white spruce-aspen stands, which adds to uncertainty across the perimeter.
We were unable to sample sites dominated by shrubs, which occupied 13% of the fire scar based on LANDFIRE, or any burned black spruce stands underlain by deep organic soils with permafrost. The latter may have occupied southern stretches of the fire scar based on maps of slope and vegetation type. However, although they contain much larger soil carbon stocks, these lowland forests have been shown to experience less fractional consumption and generally emit similar amounts of carbon compared to upland black spruce [Kane et al., 2007; Shetler et al., 2008] . We did not quantify combustion of coarse woody debris and roots. Although combustion from coarse woody debris may be substantial in southern boreal forests [de Groot et al., 2007] , our control sites contained very few, if any, of this material. Our sampled stands also showed no signs of understory shrubs. Some amount of error is always associated with image processing, including atmospheric and terrain corrections. Additionally, our choice of metric (dNBR) and year undoubtedly influenced the results. For example, using 1 year postfire (2011) instead of the year-of-fire (2010) for the calculation of dNBR, i.e., extended versus initial analysis, resulted in a 6% decrease in emissions within the core burn area and 9% within the fire scar. We made a number of additional assumptions in modeling fire-wide emissions, including how to treat deciduous vegetation and maximum allowable combustion.
Finally, we note that the Gilles Creek fire occurred earlier in the year than most others in Alaska and Canada Stocks et al., 2003] . This may limit the applicability of our results to other fires because the forest floor was likely comparatively colder, wetter, and potentially more frozen. This may have suppressed the burning of deep organic layers, especially in black spruce stands, resulting in a higher variability and lower mean combustion. Regression parameters are likely different for later-season burns, and the saturation of dNBR and similar indices may be worse in higher-severity fires that consistently burn deeper into the forest floor. However, the surface water and ice content of the soil organic matter in late spring/early summer varies interannually as a function of snowpack, timing of thaw, and climate [Granberg et al., 1999; Welp et al., 2007] . Given the frequency of deep burning observed in Gilles Creek sites, it is likely that much of the ground was unfrozen or easily thawed at the time of burn.
Conclusions
Accurate estimates of carbon emissions from increasingly frequent boreal forest fires are crucial for understanding and projecting high-latitude climate feedbacks. Our dNBR-based emission estimates and uncertainties across the Gilles Creek fire can be used to constrain larger-scale models, and our integration of remote sensing and field measurements offers a complimentary approach to existing methods. A number of factors are crucial to the method's implementation: (1) careful quantification of both soil and canopy combustion, (2) sampling at lower severity field sites, (3) accounting for distinct forest types, and (4) appropriate corrections for atmospheric contamination and terrain effects. This approach may prove useful in other biomes and vegetation types, particularly those with mixed fire regimes (i.e., surface versus crown).
Important next steps are to validate our approach for other fires and regions and to incorporate additional nonspectral data sources. Our work suggests that relationships between fire severity and spectral indices may help constrain burning conditions in emissions models. If properly implemented, future developments have the potential to greatly reduce uncertainty in large-scale fire emissions.
